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Abstract

Automated Radiology Report Generation
(RRG) could substantially reduce documenta-
tion workload by supporting physicians in rou-
tine clinical practice. Clinical adoption, how-
ever, requires each generated finding to be sup-
ported by inspectable evidence that a physician
can verify. Existing systems either provide only
post-hoc explanations weakly coupled to the
prediction, or require costly region-level super-
vision to achieve spatial grounding. To address
this gap, we introduce ProtoRRG, an RRG
framework that grounds generation in visual
prototypes. Specifically, each generated find-
ing is tied to a dual form of evidence: localised
image exemplars learned without anatomical
supervision, and retrieved prior reports that sup-
ply case-based linguistic precedents. A multi-
task training strategy reconciles the competing
representational demands of prototype-based
prediction and autoregressive decoding within
a shared architecture. On MIMIC-CXR, Pro-
toRRG improves state-of-the-art clinical F1 and
recall by 2.9% and 10%, respectively, with
gains also demonstrated on IU X-Ray. An eval-
uation against anatomical annotations confirms
that prototype activations localise within the
correct regions, indicating spatially faithful evi-
dence for the generated findings. These results
demonstrate that combining visual prototypes
with case-based retrieval improves both diag-
nostic accuracy and report quality while pre-
serving the inspectable evidence that clinical
deployment demands. The project page is avail-
able at: https://github.com/arco-group/
protoRRG

1 Introduction

Automated Radiology Report Generation (RRG)
has advanced rapidly, with recent systems produc-
ing fluent, clinically plausible reports from medical
images (Sloan et al., 2024). Fluency and plausibil-
ity, however, are not sufficient for clinical trust:
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clinicians must be able to trace each generated
finding to specific image evidence. Several strate-
gies have been explored to improve interpretability
in RRG, but most provide post-hoc explanations
that may not reflect the computations actually driv-
ing generation (Wang et al., 2024b; Chen et al.,
2024). Inherently interpretable alternatives, such
as concept-based bottlenecks (Alam et al., 2025;
Salme et al., 2026) and region-guided architec-
tures (Tanida et al., 2023; Bannur et al., 2024),
instead require costly additional supervision that is
often unavailable. Prototype-based networks (Chen
et al., 2019; Nauta et al., 2023) address both lim-
itations: each prediction is derived by assessing
whether input regions look like learned exemplars,
producing localised visual evidence that can be
directly verified on the image, without additional
annotation. In medical imaging, prototypes have
proven effective for classification (Barnett et al.,
2021; Kim et al., 2021), but they have not been
used as the visual evidence linking each reported
finding to its image support in a generative setting.

Extending visual prototypes to RRG raises a cen-
tral technical challenge: prototype predictors re-
quire features that are discriminative and tightly
clustered around pathological patterns, while au-
toregressive decoders rely on rich spatial context to
generate complete reports. An interpretable report
generator must therefore reconcile both demands
within a shared representation. Moreover, localised
visual evidence identifies where a finding origi-
nates but does not determine how to express it in
clinical language. Retrieval-Augmented Genera-
tion (Endo et al., 2021; Song et al., 2024) fills this
gap: reports from similar cases supply linguistic
precedents and case-based context that clinicians
can examine alongside the image evidence.

To this end, we introduce ProtoRRG, an
interpretable-by-design RRG model that grounds
generation in two complementary forms of in-
spectable evidence: localised prototype activations
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in the image, and retrieved similar reports that pro-
vide case-based context for the output.
Our contributions are as follows:

* We introduce, to our knowledge, the first RRG
framework where visual prototypes serve as
localised, inspectable evidence for each gen-
erated finding.

* We propose a shared spatial representation
that reconciles discrete prototype activations
with dense visual features, resolving the core
tension between prototype-style interpretabil-
ity and autoregressive language decoding.

* We show that visual prototypes and retrieval-
based textual cues combine naturally within a
unified architecture, yielding competitive re-
port quality on two publicly available datasets,
while exposing inspectable evidence for each
prediction.

2 Related Work

Radiology Report Generation. Automatic RRG
aims to produce clinically accurate free-text reports
from medical images. Early approaches cast RRG
as an image-to-text generation problem, where vi-
sual features are encoded and decoded into reports
using transformer-based architectures (Chen et al.,
2020; Cornia et al., 2020; Nicolson et al., 2023;
Wang et al., 2023; Sun et al., 2025). These meth-
ods improve language fluency, but the correspon-
dence between individual generated findings and
the image evidence supporting them is generally
not made explicit. As a result, they may miss subtle
abnormalities or generate clinically plausible state-
ments that are weakly supported by the image. To
bridge the modality gap between radiographs and
reports (Liang et al., 2022), several methods adopt
vision-language pretraining to learn stronger image-
text alignments (Yan and Pei, 2022; Li et al., 2023b;
Mei et al., 2025; Wang et al., 2025b). Although
these methods improve both text quality and clini-
cal consistency, stronger representations alone do
not prevent the decoder from producing statements
that lack direct support in the image. A separate
line of work incorporates medical knowledge, dis-
ease priors, or graph structures into the generation
process to improve clinical correctness (Yang et al.,
2022, 2023; Huang et al., 2023; Li et al., 2023a;
Huang et al., 2025; Liu et al., 2025). However,
their effectiveness depends on the completeness
and quality of the injected knowledge that require

costly expert annotation. Other approaches (Wang
et al., 2024a; Liu et al., 2026) leverage longitudinal
patient history to model disease progression, which
is clinically valuable but requires prior studies and
consistent temporal data. Despite this progress,
most existing RRG methods lack explicit mecha-
nisms to trace each generated finding back to in-
spectable evidence.

Interpretable Radiology Report Generation. A
common approach for interpretability in RRG is to
incorporate attention maps or saliency-based sig-
nals into the generation architecture (Wang et al.,
2024b; Chen et al., 2024). Yet recent evidence
shows that such signals do not necessarily corre-
spond to the quantities that determine the model
prediction, offering an unreliable basis for clinical
trust (Salahuddin et al., 2022; Imran and Lee, 2026).
One interpretable-by-design alternative routes gen-
eration through clinically meaningful intermediate
concepts that can be inspected before the final re-
port is produced (Alam et al., 2025; Salme et al.,
2026). Such bottlenecks, however, are semantic
rather than spatial: a model may predict the correct
disease label without indicating where in the image
the evidence lies. Region-guided approaches ad-
dress this by structuring generation around detected
anatomical regions, so that each sentence can be as-
sociated with a localized part of the image (Tanida
et al., 2023; Bannur et al., 2024). They rely, how-
ever, on region-level annotations that are costly and
unavailable for most RRG datasets, and they indi-
cate only where a sentence is anchored, not what
specific visual pattern within that region supports
it. In contrast, prototype-based networks provide
intrinsic spatial interpretability without requiring
region-level annotations. Rather than explaining a
prediction after it has been produced, they derive
the prediction from similarities between local im-
age representations and learned visual prototypes.
Consequently, the contribution of individual image
regions can be inspected as part of the model’s for-
ward computation rather than through an auxiliary
post-hoc explanation. Prototype-based approaches
have been extensively explored for medical im-
age classification (Barnett et al., 2021; Kim et al.,
2021; Gallée et al., 2023; Wang et al., 2025a), but
their outputs remain fixed clinical labels rather than
free-text reports. Within RRG, XPRONET intro-
duces prototypes as shared image-text representa-
tions stored in a cross-modal memory (Wang et al.,
2022), whereas AP-ISG learns representations as-
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Figure 1: Overview of the proposed method. (a) A vision encoder extracts spatial features that are enriched with
retrieved report embeddings via cross-attention. A prototype-based head predicts per-condition states, which form a
diagnostic prompt for the autoregressive decoder. (b) The prototype head computes cosine similarity maps between
spatial features and learnable prototypes, providing localised visual evidence for each classification.

sociated with predefined clinical categories (Zhang
et al., 2024). In both cases, prototypes or category
embeddings support representation learning or gen-
eration, but are not matched against local image
regions to form the decision for an individual find-
ing. Unlike ProtoRRG, neither method matches
prototypes to local image regions to directly sup-
port the prediction of a specific finding, preventing
the resulting prototype matches from being directly
localized on the input image.

3 Method

As shown in Fig. 1a, given a chest X-ray image
x € RTXW our goal is to generate a free-text
radiology report r = (71, ..., ) that accurately
describes the clinical findings, together with the
visual and textual evidence that guided the model.
Our method comprises three components. In the
first branch, a profotype-based vision encoder (Sec-
tion 3.1) extracts spatial features and classifies each
of C thoracic conditions via learnable prototypes
that provide inherently interpretable visual evi-
dence. In the second branch, a retrieval-augmented
decoder (Section 3.2) enriches the visual repre-
sentation with information from similar reports

and generates the output text. The entire model
is trained using a multi-task objective (Section 3.3)
that combines language modelling with classifica-
tion. This forces the shared vision encoder to sup-
port both interpretable diagnosis and fluent report
generation simultaneously.

3.1 Prototype-Based Vision Encoder

The vision encoder £ maps the input image x to
a spatial feature map F € RZ™>W'>D; which
serves a dual role. First, it provides the spatial rep-
resentations that the decoder D attends to when
generating the report (Section 3.2). Second, it must
support the classification of each of the C' thoracic
conditions, which we address through an inherently
interpretable prototype head H (Fig. 1b). Since the
target output is a free-text report, simply know-
ing which conditions are present is not informative
enough: the decoder also needs to know whether
each condition is explicitly absent, uncertain, or
not mentioned at all. We therefore classify each
condition as one of S=4 mutually exclusive states
(positive, negative, uncertain, or blank), in accor-
dance with established radiology labelling proto-
cols (Smit et al., 2020).
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We define C' x M learnable prototypes P =
{pem € RP }cC:Jym:l’ associating M prototypes
with each of the C' conditions. A sequence of 1x1
convolutional layers projects F' to the prototype
dimensionality, yielding a spatial feature grid z €
R XW'XD " For each spatial location (h,w) of
z, we compute the cosine similarity between the
corresponding local feature vector zy, ,, and each

prototype:

:
Zp, o Peom

S hyw)=—"—— (D)

e (s ) = e  Tpen]

The resulting map s¢,(-,-) scores how closely
each image region matches the learned visual pat-
tern for condition c. This makes it possible to iden-
tify the areas that contributed the most to a given
diagnosis directly from the model’s internal repre-
sentations. Max-pooling over spatial locations then
compresses this map into a single score per pro-
totype, Scom = MaXp .y Se,m(h, w), selecting the
image region that most closely matches each proto-
type for condition c. Finally, a condition-specific
linear layer maps these scores to logits over the S
states:

yc = W, s + bc € RS (2)

where W, € RS*M and b, € RS are the layer
parameters for condition c.

3.2 Retrieval-Augmented Report Generation

Radiology reports tend to follow recurring linguis-
tic patterns, with similar clinical findings often be-
ing described using similar phrasing. To exploit
this regularity, we retrieve text embeddings from
reports associated with visually similar training
images and fuse them with the spatial features F
before generation. The retrieved reports can also be
examined alongside the generated one, providing
additional insight into the similar cases that guided
the generation process.

Retrieval and feature enhancement. Before
training begins, a frozen vision-language encoder
EcvLip 1s used to construct a vector database V':
each training image is mapped to a visual embed-
ding v; € RP* by the visual branch, and each
associated report is mapped to a text embedding
t; € RP* by the text branch. Given an input im-
age x, the visual branch of Ecrp produces an em-
bedding v, and the K training images with the
highest cosine similarity to v in V' are retrieved.
The text embeddings of their associated reports,

T = [t1,...,tx] € RE*DPt are then fused with
F via a cross-attention block. Each spatial vector
in F is projected to a D;-dimensional query, while
T serves as keys and values:

F' = FW® + CrossAtt(FW<, TW*, TWY)

3)
This design preserves the spatial structure of the
visual representation while allowing each image
location to selectively incorporate linguistic con-
text from the retrieved reports. Importantly, the
retrieved information is not directly concatenated
with the decoder input, but can influence the rep-
resentation only through cross-attention driven by
the spatial image features. In addition, the residual
connection explicitly retains the projected visual
representation at each spatial position. Together,
these architectural choices provide a controlled
mechanism for incorporating retrieved information
while limiting its direct transfer to the decoder. We
quantify the influence of retrieved reports on the
generated text in Section F.2.

The resulting representation F” is used in place
of F as input to the text decoder, conditioning re-
port generation on the visual features augmented
with retrieved linguistic context.

Text decoder. The report is generated token by
token by an autoregressive language model D,
attending to the enhanced features F’ via cross-
attention. Following Jin et al. (2024), we condition
generation on the classification output by convert-
ing each predicted state into a special token that
serves as a discrete clinical cue for the decoder.
Specifically, the predicted state for each condition
¢ is mapped to a dedicated token a. € A, where
A = {[P0S], [NEG], [UNC], [BLK]} denotes the
set of state tokens corresponding to the four mu-
tually exclusive states defined in Section 3.1. The
resulting diagnostic prompt a = (aq,...,ac) is
prepended to the decoder input, providing an ex-
plicit clinical summary that conditions the genera-
tion process towards the predicted findings. During
training, the diagnostic prompt a is constructed
from the ground-truth state labels via teacher forc-
ing. At inference time, it is derived from the pre-
dicted states y. of the prototype head. Formally:

p(rt ’ T<t,Q, F/) = D(T<t7 a, F,) (4)

where each token 7 is generated conditioned on the
previously generated tokens, the diagnostic prompt
a, and the enhanced visual features F’. The extent
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to which the generated report agrees with these
diagnostic cues, as well as the effect of replacing
predicted states with ground-truth states at infer-
ence time, is evaluated in Section F.1.

3.3 Training Objectives and Strategy

The model is trained using a multi-task objective
that jointly optimises report generation and per-
condition classification.

Training losses. The primary training signal is
the standard autoregressive cross-entropy over the
generated report:

T

Lim = — Zlog p(re | r<e,a, F')  (5)
=1

As radiology labels are severely imbalanced
across both pathologies and states, we introduce a
Multi-State Focal (MSF) loss function that focuses
on each condition and state individually:

C
1 ¥ X %
EMSF = _C; Qe s* (1_pc(8c))’yc’sc logpc(sc)

(6)
where s, is the ground-truth state for condition c,
and p.(s}) denotes the predicted probability of that
state. The weighting coefficients o ¢ are estimated
from empirical class priors as described in Cui
et al. (2019), with an additional correction for the
positive state. The focusing parameters 7. ; are set
inversely proportional to the same priors, so that
training concentrates on the more difficult and rare
cases. This formulation extends the asymmetric
loss of Ridnik et al. (2021) from multi-label binary
classification to the multi-state setting with per-
condition parametrisation.

An auxiliary cluster loss regularises the proto-
types by operating directly on the cosine similarity
scores from Eq. (1). As the prototypes are shared
across all four states, we introduce state-dependent
targets 7(s) over the [—1, 1] similarity range to dif-
ferentiate their activations: 7(positive) = +1, en-
couraging high similarity when visual evidence for
a condition is present; 7(blank) = T(negative) =
—1, as both indicate the absence of supporting ev-
idence, whether unmentioned or explicitly ruled
out; and 7(uncertain) = 0, capturing equivocal ev-
idence. Let 0. = max,, 5.5, denote the maximum
prototype similarity for condition c. The cluster
loss pulls o, towards the target for the ground-truth

state:
1 < 2
Law= 5D _(r(s0) = o) )
c=1
The full training loss combines all terms:
L= Lim+ XNLusr + 1 Leist) ®)

where A controls the overall weight of the classifi-
cation branch relative to language modelling, and
1 balances the cluster regulariser against the MSF
loss within that branch.

Three-phase training. Training proceeds in
three phases. First, only the vision backbone £ and
the text decoder D are trained using the language
modelling loss £y, without the prototype head or
classification objectives. This enables the backbone
to develop dense spatial features suited to RRG,
before the prototype head imposes its own discrim-
inative demands on the same representation. In
the second phase, the backbone is frozen and only
the projection layers, prototypes, and classification
heads are trained with Lysp and L. Following
Chen et al. (2019), this isolation ensures that the
prototypes converge to stable, interpretable patterns
in a fixed feature space; training them jointly from
initialisation would cause the prototypes and back-
bone to co-adapt before either has settled, yielding
prototypes that lack clear semantic correspondence
to image regions. In the third phase, all parameters
are updated jointly with the full objective £, using
reduced learning rates for the backbone relative
to the remaining modules. This staged approach
resolves the conflict between the two functions of
the shared backbone: the first phase establishes
dense spatial features suited to generation; the sec-
ond phase establishes interpretable prototypes in a
stable feature space; and the third phase reconciles
both objectives end-to-end.

4 Experimental Setup

4.1 Benchmark Datasets

We conduct experiments on two RRG benchmarks.
MIMIC-CXR (Johnson et al., 2019) is a large-scale
corpus of radiographs and associated reports col-
lected at the Beth Israel Deaconess Medical Center.
We adopt the split of previous works (Chen et al.,
2021; Huang et al., 2023; Jin et al., 2024), yielding
270,790 /2,130 / 3,858 samples for training, vali-
dation, and testing. IU X-Ray (Demner-Fushman
et al., 2016) provides 3,955 reports covering 7,470
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frontal and lateral radiographs from Indiana Uni-
versity. To assess cross-domain generalisability,
following prior work (Jin et al., 2024; Zhang et al.,
2024), we evaluate the model trained on MIMIC-
CXR directly on the IU X-Ray corpus, without
fine-tuning.

4.2 Evaluation Metrics

We assess generated reports along two complemen-
tary axes. NLP metrics include BLEU (Papineni
et al., 2002), METEOR (Denkowski and Lavie,
2011), and ROUGE-L (Lin, 2004). Clinical met-
rics are obtained by extracting 14 disease labels
from both generated and reference reports with
CheXbert (Smit et al., 2020) and computing preci-
sion, recall, and F1 over the resulting label sets.

4.3 Prototype Evaluation Protocol

To assess whether the learned prototypes provide
spatially faithful evidence, we measure how of-
ten their peak activations fall inside expert-curated
anatomical regions. The evaluation set is con-
structed by intersecting the MIMIC-CXR test split
with ChestImaGenome (Wu et al., 2021), which
provides bounding boxes associating clinical find-
ings with anatomical regions, retaining 2,160 im-
ages spanning 5,167 positive (image, class) pairs;
full curation details are provided in Appendix A.
For each positive pair where the classifier correctly
predicts the class, we take the 3 prototypes with the
highest activation score 5 ,,. The maximally acti-
vated location of each prototype’s similarity map
(Eq. (1)) identifies a single cell on the H' x W’
feature grid, which maps to a rectangular patch P
in the input image. Since anatomical bounding
boxes B are substantially larger than P, standard
intersection-over-union would be dominated by this
size disparity rather than by localisation quality.
We therefore report an overlap metric,
_|PNB|

ovl(P, B) = Pl 9)

which reaches 1 when the prototype patch lies en-
tirely inside the ground-truth region. For each
prototype we take the maximum overlap over all
ground-truth boxes of the class, and the per-image
score is the mean of the three overlaps.

4.4 Implementation Details

The vision backbone £ is a ResNet-101 pretrained
on ImageNet. We use M =10 prototypes per con-
dition across C'=14 thoracic conditions. The text

decoder is a BERT-base language model initialised
from pretrained weights, with cross-attention lay-
ers over the encoder output. For retrieval, a frozen
BiomedCLIP-CXR (Zambrano Chaves et al., 2025)
encoder queries a FAISS index over the training
set, retrieving K=3 neighbours whose text em-
beddings (D;=512) are fused with the backbone
features via 8-head cross-attention. We train with
AdamW using component-specific learning rates:
5x107° for the backbone and decoder, 1x10~4
for the projection layers, prototypes, and classifi-
cation heads, and 5x10~° for the generation cross-
attention module. The loss weights are A=4.0 and
1#=0.4. The MSF parameters . s and 7. s are com-
puted once from the training set class priors and
kept fixed throughout training; full details are pro-
vided in Appendix B. The three training phases run
for 1, 5, and 10 epochs respectively, with a batch
size of 16.

5 Results and Discussion

5.1 Quantitative Results

To assess our approach, we compare ProtoRRG
against a broad set of recent state-of-the-art RRG
systems (Chen et al., 2020; Li et al., 2023a; Jin
et al., 2024; Wang et al., 2025b; Liu et al., 2025),
as well as methods that, like ours, provide an inter-
pretability mechanism (Wang et al., 2022; Tanida
et al., 2023; Wang et al., 2024b; Chen et al., 2024;
Zhang et al., 2024).

On MIMIC-CXR (Table 1), ProtoRRG achieves
the highest clinical F1 (0.490) and Recall (0.560)
across all compared methods. The recall improve-
ment over PromptMRG is particularly notable
(+10% relative, from 0.509 to 0.560), with only a
marginal decrease in precision (0.501 — 0.486).
This trade-off is particularly relevant in assistive
RRG settings, where generated reports are re-
viewed by a radiologist: higher recall can reduce
the risk of omitting correct findings, although it
may come at the cost of an increased number of
false positives. In our formulation, this balance is
explicitly controlled by the positive-state scaling
factor in the training objective, whose effect on
precision and recall is analysed in Table 7. Among
interpretable models, the margin widens further:
clinical F1 improves by 6.1% over AP-ISG (0.462)
and by 9.6% over RGRG (0.447). These results
indicate that visual prototypes not only provide
spatially grounded evidence for predicted findings,
but also improve the coverage of clinically rele-
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Table 1: Comparison on the MIMIC-CXR test set. T denotes methods evaluated on a different data split. % denotes
results recomputed from the official checkpoint using the same preprocessing and evaluation pipeline adopted for
ProtoRRG, as the published values were obtained under a different setting. Results for ProfoRRG are averaged over
three training runs with different random seeds; a statistical analysis of the results is reported in Appendix C. Best
results are shown in bold and second-best results are underlined.

Clinical Metrics NLP Metrics

Model P R F1 B-1 B-4 MTR RG-L
Non-interpretable methods

R2Gen (Chen et al., 2020) 0.333  0.273 0276  0.353 0.103 0.142 0.277
M?2TR (Cornia et al., 2020) 0240 0428 0.308 0378  0.107 0.145 0.272
CliBert (Yan and Pei, 2022) 0.397 0435 0415  0.383 0.106 0.144 0.275
CVT2Dis. (Nicolson et al., 2023) 0356 0412 0384 0392 0.124 0.153 0.285
MZ2KT (Yang et al., 2023) 0420 0339 0352 038  0.111 - 0.274
ME (Wang et al., 2023) 0.364  0.309 0.311 0.386  0.124 0.152 0.291
KiUT (Huang et al., 2023) 0.371 0.318  0.321 0.393 0.113 0.160 0.285
DCL (Li et al., 2023a) 0.471 0.352  0.373 - 0.109 0.150 0.284
HERGen (Wang et al., 2024a) 0415  0.301 0.317  0.395 0.122 0.156 0.285
PromptMRG (Jin et al., 2024) 0.501 0.509 0476 0398  0.112 0.157 0.268
R2Gen-Mamba (Sun et al., 2025) 0483  0.325 0.389 0352 0.110 0.141 0.284
MambaXray-VL-L* (Wang et al., 2025b)  0.446  0.342  0.364 0403  0.125 0.160 0.274
SLGT (Liu et al., 2025) 0.461 0.356  0.375  0.401 0.122  0.168 0.295
DACG (Lang et al., 2025) 0422 0405 0.389  0.398  0.117 0.162 0.290
Interpretable methods

XPRONET (Wang et al., 2022) 0463  0.285 0.353  0.344  0.105 0.138 0.279
CAMANet (Wang et al., 2024b) 0483  0.323 0.387 0374 0.112 0.145 0.279
AdaMatch-Cyclic (Chen et al., 2024) - - - 0.379  0.106 0.162 0.286
RGRG' (Tanida et al., 2023) 0.461 0.475 0.447 0373  0.126  0.168 0.264
AP-ISG' (Zhang et al., 2024) 0.486  0.493 0462  0.391 0.129 0.175 0.282
ProtoRRG (Ours) 0486  0.560 0.490 0.404 0.110 0.161 0.272

vant conditions in the generated reports. On NLP
metrics, ProtoRRG achieves the highest BLEU-
1 (0.404), marginally above the strongest recent
baselines, while BLEU-4, METEOR, and ROUGE-
L remain competitive but are not uniformly best.
We interpret this pattern as stronger recovery of
clinically salient lexical units, rather than long-
range n-gram overlap. This behaviour is consis-
tent with our objective design, which prioritises
clinical faithfulness and finding coverage through
prototype-guided state prompting. In clinical re-
port generation, this trade-off is desirable when it
improves diagnostic content.

To assess cross-domain robustness, we apply the
MIMIC-CXR-trained model directly to IU X-Ray
without fine-tuning (Table 2). ProtoRRG achieves
the best performance across all clinical metrics,
with P 0.222, R 0.236, and F1 0.220. Its clinical
F1 exceeds that of the strongest interpretable base-
line, AP-ISG (0.189), by 16%, and also surpasses
the best non-interpretable baseline, PromptMRG
(0.211). A similar trend is observed for the NLP
metrics: ProtoRRG obtains the highest BLEU-1

(0.418), BLEU-4 (0.102), and ROUGE-L (0.308),
while its METEOR score (0.159) is marginally
below the best reported result. These results in-
dicate that the model transfers both finding-level
content and report phrasing to a new domain, sug-
gesting that it captures patterns beyond MIMIC-
CXR-specific regularities.

In summary, ProtoRRG improves clinically
meaningful content in an interpretable manner,
while maintaining competitive report-level lan-
guage quality.

5.2 Ablation Study

To isolate the contribution of each component, we
start from an encoder-decoder baseline trained with
only Ly and progressively add one module per
row (Table 3).

Adding the prototype head with standard cross-
entropy produces the single largest gain: clinical
F1 rises from 0.375 to 0.452 (+20.5% relative)
and Recall from 0.385 to 0.556 (+44.4%). This
confirms that the prototype head is not merely an
interpretability mechanism: the diagnostic prompt
a actively prevents the decoder from omitting find-
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Table 2: Cross-domain evaluation on the [U X-Ray dataset. All models are trained on MIMIC-CXR and evaluated
without fine-tuning. Results for ProtoRRG are averaged over the same three training runs. Best results are shown in

bold and second-best results are underlined.

Clinical Metrics NLP Metrics
Model P R F1 B-1 B-4 MTR RG-L
Non-interpretable methods
R2Gen (Chen et al., 2020) 0.141 0.136 0.136 0.325 0.059 0.131 0.253
CVT2Dis. (Nicolson et al., 2023) 0.174 0.172 0.168 0.383 0.082 0.147 0.277
MZKT (Yang et al., 2023) 0.153 0.145 0.145 0.371 0.078 0.153 0.261
DCL (Li et al., 2023a) 0.168 0.167 0.162 0.354 0.074 0.152 0.267
PromptMRG (Jin et al., 2024) 0.213 0.229 0.211 0.401 0.098 0.160 0.281
Interpretable methods
RGRG (Tanida et al., 2023) 0.183 0.187 0.180 0.266 0.063 0.146 0.180
AP-ISG (Zhang et al., 2024) 0.192 0.194 0.189 - 0.076 0.148 -
ProtoRRG (Ours) 0.222 0.236 0.220 0.418 0.102 0.159 0.308

Table 3: Progressive ablation on the MIMIC-CXR test
set. Starting from an encoder-decoder baseline, each
row adds one component: the prototype head with cross-
entropy (Proto.), the three-phase training strategy (3-
phase), the MSF loss replacing cross-entropy (MSF),
and Retrieval-Augmented Generation (RAG). All con-
figurations correspond to a single training run.

Model Clinical Metrics NLP Metrics

P R F1 B-1 B-4 RG-L
Baseline 0.421 0.385 0.375 0.363 0.103 0.270
+ Proto. 0.433 0.556 0.452 0.376 0.093 0.255
+ 3-phase 0.475 0.516 0.464 0.396 0.106 0.265
+ MSF 0.474 0.571 0.488 0.398 0.105 0.266
+ RAG (full) 0.487 0.556 0.490 0.404 0.111 0.273

ings. Introducing the three-phase training strategy
further improves F1 from 0.452 to 0.464, with a no-
table effect on NLP metrics, indicating that staged
training helps the shared backbone better balance
discriminative and generative demands. Replacing
cross-entropy with the MSF loss yields a further
improvement in clinical F1 to 0.488, confirming
the benefit of dedicated handling of class-state im-
balance. In the final configuration, adding retrieval
results yields gains on both axes (F1: 0.490; B-1:
0.404; B-4: 0.111), with larger gains on lexical
metrics than clinical ones. This suggests that there
is a complementary division of labour: prototype-
guided prompting primarily improves diagnostic
coverage, while retrieval primarily improves lex-
ical formulation and phrasing. In summary, each
component targets a distinct aspect of report qual-
ity, and their combination yields the best results on
both clinical and lexical metrics.

Table 4: Prototype localisation evaluation on MIMIC-
CXR. N: number of positive instances; Rec.: classifica-
tion recall; Avg Ovl: mean overlap between the top-3
prototype patches and the ground-truth bounding boxes;
| B|: mean bounding-box area as a fraction of the image.

Class N Rec. AvgOvl |B| (%)
Atelectasis 689 0.759 0.696 21.4
Cardiomegaly 843 0.823  0.921 20.2
Consolidation 118 0475 0.768 19.5
Edema 435 0.834 0.730 17.5
Enl. Cardiomed. 123 0.244 0912 18.7
Fracture 28 0.000 - 18.1
Lung Lesion 134 0.060 0.793 20.8
Lung Opacity 949 0.758 0.812 16.6
Pleural Effusion 814 0.778 0.724 16.6
Pleural Other 71 0.338 0.679 21.2
Pneumonia 122 0.549 0.789 20.7
Pneumothorax 55 0.582 0.701 22.7
Support Devices 786 0.977 0918 22.4
Overall 5167 0.758 0.813 18.7

5.3 Prototype Evaluation

Table 4 shows that ProfoRRG attains an overall
overlap of 0.813: on average, more than 81% of
each prototype patch falls inside the anatomical
region associated with the predicted finding. The
overlap is not a proxy for bounding-box size; At-
electasis and Support Devices have comparable
areas (|B| = 21.4% and 22.4%) yet differ sub-
stantially in overlap (0.696 vs. 0.918). Conditions
with stable anatomical correlates (Cardiomegaly,
Enlarged Cardiomediastinum, Support Devices)
exhibit the strongest grounding (> 0.91), while
spatially diffuse conditions (Atelectasis, Pleural
Effusion, Pleural Other) yield more moderate over-
laps (0.68-0.73). Fracture (N=28) is never pre-
dicted positive on this subset and Lung Lesion
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Image & Prototypes Retrieved Report (top-1)

Generated Report

Ground truth

Portable AP upright chest radiograph
was obtained. Compared with the pre-
vious examination a similar degree of
perihilar opacity with slight decrease in
interstitial thickening is consistent with
moderate pulmonary edema. The density
of the left lower lobe/retrocardiac opac-
ity is such that an infectious consolida-
tion may be obscured in this area. Bi-
lateral are unchanged.
The

with calcified aortic knob.

There is . Left
chest wall dual lead pacing device seen
with tips projecting over the right ventri-
cle and right atrium. The lungs are clear
where not obscured by overlying left chest
wall pacing device, without focal consoli-
dation, large effusion or edema. No visu-
alized acute osseous abnormalities.

The . The
aorta is tortuous and diffusely calcified.
There is perihilar haziness and vascular
indistinctness compatible with mild pul-
monary edema. Small bilateral

left greater than right are noted.
No pneumothorax is identified. Percuta-
neous gastrostomy catheter is seen within
the left upper quadrant of the abdomen.
There are no acute osseous abnormalities.

AP portable upright view of the chest.
Left chest wall pacer device is again seen
with leads extending to the region the
right atrium and right ventricle. The

. There is
no focal consolidation effusion or pneu-
mothorax. Imaged osseous structures are
intact. No free air below the right hemidi-
aphragm is seen. Aortic calcification
again noted.

The . The
aortic knob is calcified. There is mild pul-
monary edema noted with perihilar hazi-
ness and vascular indistinctness. Small
bilateral are present left
greater than right with bibasilar airspace
opacities. No pneumothorax is identified.
There are no acute osseous abnormalities.

AP upright portable chest radiograph is
obtained. A left chest wall pacer device
is again seen with lead tips extending into
the right atrium and ventricle. Abandoned
pacing leads are also seen in the right
chest wall extending into the right heart
not significantly changed. The

. The lungs appear clear
without definite signs of pneumonia or
CHE. No large effusion or pneumothorax

is seen. The overall cardiomediastinal
silhouette is stable. Bony structures are
intact.

Figure 2: Qualitative examples on two MIMIC-CXR test cases. For each case, the input radiograph is shown with
the activated prototypes, followed by the top-1 retrieved report, the generated report, and the ground truth. Colours
mark findings supported by the ground truth, and show how each of them is traceable to both a localised prototype

activation and a case-based linguistic precedent.

(Rec. = 0.060) yields too few correct detections
for a stable localisation estimate; both findings are
known to challenge deep-learning classifiers owing
to extreme class imbalance and subtle radiographic
presentation (Lin et al., 2023; Guo et al., 2024).
With these two exceptions, the results support the
claim that the learned prototypes surface spatially
faithful visual evidence for the findings they drive.

6 Conclusion

We introduced ProtoRRG, a prototype-based frame-
work for RRG that grounds each finding in lo-
calised prototype activations and retrieved prior
reports. A shared spatial representation reconciles
prototype-based classification with autoregressive
decoding, trained end-to-end through a three-phase
strategy. Experiments on MIMIC-CXR and IU X-
Ray show that ProtoRRG achieves state-of-the-art
clinical accuracy while outperforming every prior
interpretable RRG system, and an anatomically
grounded evaluation confirms that its prototypes
consistently localise to the correct regions. These
results suggest that interpretability and diagnostic
accuracy need not be traded off against each other
in RRG.

Limitations

Despite the strong results across both clinical and
interpretability evaluations, several limitations war-
rant discussion. First, each prototype identifies

a single fixed-size region as evidence for a given
finding, which inherently limits spatial grounding
for conditions that are diffuse or smaller than the
feature-grid resolution. Second, the prototypes
are learned entirely from image-level labels with-
out any radiologist feedback; incorporating even a
small set of expert spatial annotations or physician-
in-the-loop training could better align the learned
evidence patterns with clinical reasoning. Our eval-
uation, moreover, relies on expert-curated annota-
tions rather than on direct radiologist assessment of
the generated reports, which would provide com-
plementary evidence of clinical utility. Finally, all
experiments are restricted to chest radiographs, and
whether the learned prototypes generalise to other
imaging modalities or anatomical regions remains
untested. Addressing these limitations constitutes
a natural direction for future work.
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A Prototype Evaluation Details

A.1 ChestlImaGenome Evaluation Set

The localisation evaluation described in Section 4.3
requires images with both CheXpert-style disease
labels and spatially grounded anatomical annota-
tions. We obtain these by intersecting the MIMIC-
CXR test split with ChestimaGenome (Wu et al.,
2021), which provides bounding boxes associating
clinical findings with anatomical regions.
ChestlmaGenome defines 162 attribute strings
at a finer granularity than the 14 CheXpert con-
ditions used by our classifier. We map these at-
tributes to the 13 localisable CheXpert classes (No
Finding is excluded as it lacks a fixed anatomi-
cal region) through a rule-based assignment that
groups ImaGenome attributes by their associated
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Table 5: Complete ImaGenome-to-CheXpert attribute mapping. Attributes marked with t are assigned to more than

one class.
CheXpert Class ImaGenome Attribute Strings
Enlarged mediastinal widening/enlargement, widened mediastinum, enlarged cardiac silhouette
Cardiomediastinum

Cardiomegaly cardiomegaly, cardiac enlargement

Lung Opacity

lung opacity, opacity, airspace opacity/disease, hazy opacilyT, infiltrate/infiltration, breast/nipple shadows

Lung Lesion

lung lesion/mass, nodule/mass, pulmonary nodule/mass, calcified nodule/granuloma, granuloma, lung cancer

Edema pulmonary edema, edema, vascular/pulmonary vascular congestion, interstitial/alveolar edema, fluid overload (heart failure),
vascular redistribution, cephalization, interstitial thickening/prominence, vascular fullness, perihilar haze, hazy opacityT

Consolidation consolidation, consolidative opacity, lobar consolidation

Pneumonia pneumonia

Atelectasis atelectasis, atelectatic, collapse, lobar/lung/lobar-segmental collapse,
linear/patchy/subsegmental/bibasilar/basilar/band-like/platelike/discoid atelectasis, volume loss

Pneumothorax pneumothorax, ptx, hydropneumothorax, tension pneumothorax

Pleural Effusion

pleural effusion, effusion, pleural fluid, hydrothorax, layering/loculated effusion, costophrenic angle blunting

Pleural Other

pleural thickening/scarring/plaque/calcification/reaction, pleural-parenchymal scarring, apical pleural thickening/scarring

Fracture

fracture, rib/clavicular/vertebral/sternal/scapular/spinal fracture, compression fracture, healing/healed/old/acute fracture

Support Devices

Tubes: ET/tracheostomy/NG/OG/feeding/enteric/drainage tube, dobhoff, drain. Lines: central venous catheter/line, PICC,

Swan—Ganz, pulmonary artery/dialysis catheter, port-a-cath, arterial/venous line. Cardiac: pacemaker, pacer, AICD, ICD,
defibrillator, pacemaker lead(s), cardiac leads/wires. Surgical: IABP, LVAD, ECMO, clips, staples, prosthetic valve, CABG, stent,

hardware, sternotomy wires.

anatomical region and clinical semantics. The ini-
tial mapping was generated by Claude Opus 4.6
and subsequently reviewed and corrected by a ra-
diologist; Table 5 reports the final assignment. To
verify the quality of this mapping, we compare the
mapped labels against the image-level CheXpert
labels extracted by CheXbert (Smit et al., 2020),
obtaining an F1 score of 0.935.

We apply two filters to ensure evaluation relia-
bility. First, we discard images that lack any spatial
annotation in ChestlmaGenome, as these provide
no ground-truth regions for localisation. Second,
we require that every positive CheXpert label for
a given image is backed by at least one affirmed
ImaGenome attribute with an associated bounding
box. After filtering, we retain 2,160 images span-
ning 5,167 positive (image, class) pairs across the
13 localisable conditions.

A.2 Additional Localisation Evaluation on
MS-CXR

To complement the ChestimaGenome evaluation,
we conduct an additional localisation assessment
on MS-CXR (Boecking et al., 2022), an indepen-
dent dataset of 1,047 chest radiographs providing
1,162 bounding-box annotations across 8 cardiopul-
monary findings. After intersecting MS-CXR with
the MIMIC-CXR test split, we retain 596 positive
(image, class) pairs and apply the same protocol
described in Section 4.3.

Table 6 reports the results. Without any spa-

Table 6: Prototype localisation on MS-CXR. N: positive
instances; Rec.: classification recall; Avg Ovl: mean
overlap (Eq. (9)); |B|: mean bounding-box area as a
fraction of the image.

Finding N Rec. AvgOvl |B| (%)
Atelectasis 41 0902 0.273 14.8
Cardiomegaly 189 0.952  0.906 26.2
Consolidation 73 0370 0.297 17.8
Edema 32 0969 0.210 30.9
Lung Opacity 42 0929 0.173 14.7
Pleural Effusion 51 0.922  0.078 10.6
Pneumonia 56 0.214 0.496 16.6
Pneumothorax 112 0.634 0.081 7.2
Overall 596 0.745 0473 18.0

tial supervision, the prototypes achieve a mean
overlap of 0.473 across the eight findings. Car-
diomegaly, which is large and anatomically con-
sistent, reaches near-perfect localisation (0.906).
Parenchymal conditions such as Atelectasis, Con-
solidation, and Edema show overlaps in the range
0.21-0.30, with prototypes activating on diagnosti-
cally relevant patterns near the annotated regions.
For Consolidation and Pneumonia, classification
recall is low (0.370 and 0.214); yet when correctly
identified, the associated prototypes localise with
reasonable spatial fidelity (0.297 and 0.496), sug-
gesting that the primary bottleneck is detection
rather than spatial precision. Pneumothorax and
Pleural Effusion yield the lowest overlaps (0.081
and 0.078), consistent with their small annotation
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areas (|B|=7.2% and 10.6%): the coarse spatial
resolution of the feature map limits precise align-
ment with compact targets. In summary, prototype
localisation is reliable across the majority of condi-
tions, with accuracy decreasing mainly for findings
that are spatially compact or radiographically sub-
tle.

B Hyperparameters and Training Details

This appendix complements the implementation
details in Section 4.4 with additional training con-
figuration and loss parameterisation.

Training configuration. All phases use AdamW
with weight decay 1x1073, a linear warmup
of 2,000 steps, cosine annealing to a minimum
learning rate of 5x107%, and images resized to
224 %224 pixels. In Phase 1, only the backbone £
and decoder D are trained with £ y; the prototype
head is inactive. In Phase 2, £ is frozen and only
the projection layers, prototypes P, and classifi-
cation heads are updated with Lysr + p Leige. In
Phase 3, all parameters are updated jointly with
the full objective £ (Eq. (8)), using the component-
specific learning rates reported in Section 4.4. The
checkpoint with the highest CheXbert F1 on the
validation set is retained for testing. On a single
NVIDIA A40 GPU, the three phases take approxi-
mately 2 hours, 45 minutes, and 18 hours respec-
tively, for a total training time of roughly 21 hours.

MSF loss parameters. The per-condition
weights a. s are obtained via effective-number
balancing with $=0.9999, which Cui et al. (2019)
find optimal for coarse-grained tasks with strong
class imbalance. Weights are normalised so
that > a.s = S for every condition ¢, with
an additional multiplicative factor of 2.0 on
the positive state to counteract the dominance
of blank. The focusing exponents 7., are set
inversely proportional to within-condition class
frequency and scaled to [0,2], following the
search range of Cui et al. (2019) and Lin et al.
(2017). The positive state uses a fixed y=0.5,
consistent with the default recommended by Cui
et al. (2019) for class-balanced focal loss and
with the low v regime advocated by Ridnik
et al. (2021) to preserve gradient signal on rare
classes. Both a., and ~. s are computed once
from training-set label counts and kept fixed
throughout all phases. The classification-branch
weight A=4.0 follows Jin et al. (2024). The cluster

loss weight ;1=0.4 is selected via the sensitivity
analysis in Table 7b, which also reports the effect
of the positive-state scaling factor o (Table 7a).
As shown in Table 7a, increasing o™ from 1 to
5 improves recall from 0.481 to 0.719, while
decreasing precision from 0.497 to 0.361. This
trend indicates that o™ controls the precision-recall
trade-off of the prototype head by increasing the
emphasis on positive findings. The selected value,
a=2, achieves the highest F1 score, providing
the best balance between finding coverage and
false-positive rate.

Table 7: Sensitivity analysis on the MIMIC-CXR
test set (classification metrics from the prototype
head). (a) Positive-state scaling factor o with u=0.4.
(b) Cluster loss weight p with a™=2.

(a) Scaling factor o™ (b) Cluster weight ;.

at P R F1 i P R F1
1 0497 0481 0.458 0 0451 0.628 0.494
2 0495 0.606 0.513 0.1 0466 0.608 0.495
3 0429 0.670 0.493 02 0479 0.609 0.504
4 038 0719 0479 0.3 0485 0.610 0.509
5 0361 0719 0465 0.4 0495 0.606 0.513

0.5 0492 0.601 0.510

C Statistical Analysis of Results

To assess the reliability of the results reported in
Table 1, we train the full model three times with
different random seeds, keeping all hyperparame-
ters and the training schedule unchanged. Table 8
reports, for each metric, the mean and standard de-
viation across the three runs, together with a 95%
bootstrap confidence interval obtained by resam-
pling the MIMIC-CXR test set 1,000 times with
replacement. The two quantities capture different
sources of variation: the standard deviation reflects
the sensitivity of the model to random initialisation
and data ordering, whereas the bootstrap interval
reflects the sensitivity of each metric to the com-
position of the test set for a fixed model, and is
computed on a single run.

Across all metrics the standard deviation does
not exceed 0.006, indicating that the model is
largely insensitive to random initialisation. The
bootstrap intervals are similarly narrow, spanning
at most 0.023 on clinical metrics and 0.006 on lex-
ical ones, indicating that the reported values are
stable with respect to the composition of the test
set.
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Table 8: Statistical analysis of ProfoRRG results on the
MIMIC-CXR test set. Mean and standard deviation are
computed over three training runs with different random
seeds; the 95% bootstrap confidence interval is obtained
from 1,000 resamples of the test set for a single run.

Metric Mean =+ Std 95% CI

BLEU-1 0.404 £+ 0.001 [0.400, 0.408]
BLEU-4 0.110 £ 0.001 [0.108,0.114]
METEOR 0.161 £ 0.001 [0.158,0.164]
ROUGE-L 0.272 £ 0.001 [0.271,0.276]
Precision  0.486 4+ 0.002 [0.477,0.498]
Recall 0.560 & 0.006 [0.544,0.567]
Fl1 0.490 £+ 0.001 [0.480, 0.500]

D Effect of the Vision Backbone

To assess the impact of the vision backbone on Pro-
toRRG, we replace the ResNet-101 encoder with
BiomedCLIP ViT-B/16 (Zhang et al., 2025), keep-
ing the prototype head, the retrieval module, and
the training strategy unchanged.

Table 9: Effect of the vision backbone on the MIMIC-
CXR test set. All other components and training settings
are held fixed. Both configurations correspond to a
single training run.

Metric ResNet-101 BiomedCLIP ViT-B/16
Precision 0.487 0.473
Recall 0.556 0.557
F1 0.490 0.482
BLEU-1 0.404 0.400
BLEU-4 0.111 0.108
METEOR 0.161 0.158
ROUGE-L 0.273 0.271

As reported in Table 9, the two backbones
achieve comparable recall, while ResNet-101 at-
tains higher precision and F1. This outcome is con-
sistent with the requirements of our architecture,
which relies on fine-grained multi-label state clas-
sification rather than on coarse image-text align-
ment. The contrastive pretraining objective of
CLIP-style encoders favours global representations,
which are less directly aligned with the condition-
state discrimination performed by the prototype
head. Residual convolutional backbones have been
shown to remain competitive with vision founda-
tion models in this setting (Baur et al., 2025; Li
et al., 2024). Since the predicted states condition
the decoder through the diagnostic prompt, classi-
fication performance is a primary criterion when
selecting the encoder, which motivates our choice

of ResNet-101.

E Additional Qualitative Examples and
Failure Modes

To complement the examples in Fig. 2, Fig. 3
presents three additional MIMIC-CXR test cases
that illustrate both strengths and failure modes of
ProtoRRG.

The first case shows a focal pneumonia in the
right middle lobe. The generated report correctly
identifies both findings and closely matches the
ground truth. Notably, the Lung Opacity and Pneu-
monia prototypes activate on the same spatial re-
gion, consistent with the clinical co-occurrence of
these conditions at the same anatomical site, con-
firming that the model grounds semantically related
findings in a shared location without conflating
their diagnostic labels.

The second case reveals a dissociation between
the prototype head and the decoder. The classifier
correctly predicts Cardiomegaly and Enlarged Car-
diomediastinum with well-localised activations, but
does not predict Edema as positive. Despite the ab-
sence of prototype evidence, the decoder generates
mild interstitial pulmonary edema, a finding con-
sistent with the ground truth, likely recovered from
the dense visual features alone. This improves re-
port completeness but introduces an interpretability
gap: the edema mention lacks the localised visual
justification that supports the other findings.

The third case involves four concurrent find-
ings and produces a report closely aligned with the
ground truth. Two failure modes are however appar-
ent. First, the retrieved neighbour mentions severe
degenerative changes of the right glenohumeral
joint; the decoder propagates a variant of this obser-
vation (degenerative changes [...] glenohumeral
and acromioclavicular joints) that is absent from
the ground truth, constituting a retrieval-induced
hallucination. Second, the Atelectasis prototype
activates over the cardiac region rather than at the
lung bases where the ground truth places the find-
ing, reflecting the spatial precision limitation of the
fixed feature-grid resolution discussed in Section 6.

F Quantitative Failure Mode Analysis

Appendix E illustrates two failure modes qualita-
tively: the decoder producing findings absent from
the prototype-head prediction (Case 2), and the
potential propagation of content from retrieved re-
ports into the generated text (Case 3). This ap-
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Image & Prototypes Retrieved Report (top-1)

Generated Report

Ground truth

The heart size is normal. The hilar
and mediastinal contours are normal.
There is a focal in the right
middle lobe concerning for pneumonia.
There is no pleural effusion. There is no
pneumothorax. The visualized osseous
structures are unremarkable.

The lower trachea is deviated to the right
secondary to a possibly enlarged, calci-
fied aortic arch. The lungs are grossly
clear of consolidation or other evidence
of pneumonia. A 9 mm nodule to the
left of the cardiac apex might be calci-
fied. There is no pneumothorax or pleu-
ral effusion. The patient is status post
median sternotomy and CABG.

| with
the particularly dilated right ventricle.

The The me-
diastinal and hilar contours are sta-
ble. There has been an increase in pul-
monary edema. Small bilateral

with basilar atelectasis are
also present. There is no pneumothorax.
Severe degenerative changes of the right
glenohumeral joint are visualized.

Cardiac mediastinal and hilar contours
are normal. The pulmonary vascula-
ture is normal. is noted
within the right middle lobe concerning
for pneumonia. Left lung is clear. No
pleural effusion or pneumothorax is seen.
There are no acute osseous abnormalities.
Mild to moderate multilevel degenerative
changes are noted in the thoracic spine.

The patient is status post median ster-
notomy and CABG. The

. The aorta is tortuous and dif-
fusely calcified. There is mild interstitial
pulmonary edema. No focal consolida-
tion pleural effusion or pneumothorax is
seen. There are no acute osseous abnor-
malities. Mild loss of height of a mid
thoracic vertebral body is unchanged.

Lung volumes are low.

. The aorta is tortuous
and demonstrates atherosclerotic calcifi-
cations. There is mild pulmonary edema
with small bilateral .
Bibasilar patchy opacities likely reflect
areas of atelectasis. No pneumothorax
is identified. There are no acute osseous
abnormalities. Degenerative changes are
noted involving both glenohumeral and

acromioclavicular joints.

The heart is normal in size. The medi-
astinal and hilar contours appear within
normal limits. Pleural effusions have re-
solved. There is a patchy new

in the lateral segment of the right middle
lobe worrisome for pneumonia. How-
ever elsewhere the lungs appear clear.
The osseous structures are unremarkable.

The . The aorta
is markedly tortuous. Increased inter-
stitial markings are seen throughout the
lungs similar to prior and most compat-
ible with edema. No pneumothorax or
consolidation or pleural effusion. There
is diffuse demineralization. Incidental
note is made of a right cervical rib. Ster-
notomy sutures project over the medi-
astinum. EKG leads overlie the chest
wall.

The

. The mediastinum demonstrates
tortuosity of the thoracic aorta. There is
perihilar haziness with vascular indistinct-
ness compatible with mild pulmonary
edema. Hazy opacities in both lung bases
likely reflect small layering bilateral

with associated bibasilar

atelectasis. No large pneumothorax is
identified. There are no acute osseous ab-
normalities.

Figure 3: Additional qualitative examples and failure modes. Underlined text marks failure modes discussed in

Appendix E.

pendix quantifies both phenomena on the MIMIC-
CXR test set.

F.1 Prompt-Decoder Agreement

To assess the fidelity of the decoder to the diagnos-
tic prompt, we extract CheXbert labels from each
generated report and compare, for every (image,
condition) pair, the state predicted by the prototype
head with the state expressed in the generated text.
Agreement is observed in 96.7% of all pairs. The
clinically relevant discrepancy, where the decoder
introduces a positive finding that the prototype head
did not predict as such, accounts for 1.1% of pairs.

To further characterise the influence of the di-
agnostic prompt on the generated output, we com-
pare reports produced under the standard inference
regime (predicted prompts) with reports produced
under an oracle regime in which ground-truth states
replace the classifier output, mirroring the teacher-
forcing setting used during training.

As shown in Table 10, oracle prompts yield
an absolute F1 improvement of 0.31, confirming
that the clinical content of the generated reports is
substantially determined by the diagnostic prompt.
This result indicates that a considerable fraction

Table 10: Clinical metrics under predicted and ground-
truth diagnostic prompts on the MIMIC-CXR test set.
Both configurations correspond to a single training run.

Prompt source | R F1
Predicted (standard inference) 0.487 0.556  0.490
Ground-truth (oracle) 0.810 0.825 0.803

of the error observed under standard inference is
attributable to inaccuracies in the prototype-head
predictions rather than to the decoder disregarding
the prompt.

F.2 Provenance of False Positive Findings

We analyse the provenance of false positive find-
ings by identifying conditions that are expressed
as positive in the generated report but labelled as
negative or blank in the reference. For each such
instance, we determine whether the same condition
appears in any of the K=3 reports retrieved for
that image. In 30.4% of cases, the false positive
condition is absent from all retrieved reports, rul-
ing out retrieval as a direct source. The remaining
69.6%, in which the condition appears in at least
one retrieved report, are retained as candidates for
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textual propagation analysis; co-occurrence alone
does not establish a causal link.

To distinguish retrieval-induced overlap from
overlap attributable to the formulaic nature of ra-
diology language, we measure, for each candidate
case %, the length L ; of the longest contiguous
token sequence shared between the generated false
positive sentence and the corresponding sentences
in the retrieved reports. A matched control quan-
tity Lcy1,; 1s computed analogously using training
reports that express the same condition but were
not provided to the decoder.

The paired margin m; = Lye; — Leuti cap-
tures the excess overlap attributable to retrieval.
The median overlap is two tokens in both groups,
and the mean margin is —0.24 tokens (95% CI:
[—0.29, —0.18]), indicating that the retrieved re-
ports exhibit no greater verbatim similarity than
the matched controls. The two-token median is
consistent with the recurrence of standard clinical
phrases across radiology reports.

To account for potential outliers, we examine the
high-overlap tail defined by m; > 5. Only 0.7%
of candidate cases meet this criterion. These in-
stances are retained as conservative candidates for
direct textual propagation; however, they represent
a negligible fraction of the overall false positive
population.
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